ABSTRACT The ambient radio frequency (RF) energy harvesting technology has recently been regarded as a potential solution for powering the wireless sensor networks (WSNs). However, the ultra-low power density of ambient RF energy is the main impediment to its further application. In this paper, we propose a novel energy efficient cooperative communication scheme (EECCS), which combines energy beamforming communication and ambient backscatter communication, to overcome the energy problem of WSNs powered by ambient RF energy harvesting. Moreover, to further reduce the energy consumption of nodes, we present an optimal resource allocation problem for EECCS. It can be formulated as a signomial geometric programming (SGP), which is nonconvex and NP-hard. We develop a Sequential Convex Approximation (SCA) algorithm for finding a solution of this SGP problem, which transforms the SGP problem into a sequence of geometric programming (GP) problems that are convex. The simulation results indicate that the EECCS can improve the energy efficiency of the ambient RF powered WSNs and maximize the total amount of data received by the sink.
I. INTRODUCTION
Traditionally, the sensor nodes in wireless sensor networks (WSNs) use finite energy sources (e.g., batteries). However, the energy constraints of these energy sources constitute a major impediment to the application and generalization of WSNs. Recent advances in ambient energy (e.g., solar, thermal and wind) harvesting technology have made it possible for sensor nodes to be powered by ambient energy instead of batteries [1] . Based on ambient energy harvesting technology, WSNs can operate perpetually and are economical in the long-term because ambient energy can be harvested from the environment perpetually. Among the multiple ambient energy sources, the radio-frequency (RF) energy-harvesting technology has dramatically grown recently due to the growing ubiquity of wireless signals, such as TV, cellular, and WiFi signals. Besides, compared with other ambient energy
The associate editor coordinating the review of this manuscript and approving it for publication was Thanh Ngoc Dinh. sources, ambient RF energy has the advantages of stability, low cost and simple fabrication [2] . Based on the characteristics, ambient RF energy-harvesting technology has brought the hope of solving the energy problem in WSNs.
However, a major issue for ambient RF energy is the ultra low RF power density of the ambient environment. As mentioned in [2] , the power density of ambient RF energy is 0.0002 − 1µW /cm 2 . By contrast, the comparable figure for the solar energy is 100 mW /cm 2 . In view of the advantage of cooperative communication in combatting fading via spatial diversity [3] , cooperative communication (CC) is adopted to satisfy the requirements of extremely low power consumption of sensor nodes in ambient RF powered wireless sensor networks. With cooperative communication, a single or multiple nodes can serve as relay(s) between a transmitter and a receiver, thus achieving the significant energy-saving for the transmitting nodes. In this paper, we aim to maximize the total amount of sensing data received by sink through utilizing cooperative communication in ambient RF-powered VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 3.0 License. For more information, see http://creativecommons.org/licenses/by/3.0/ wireless sensor networks. Specifically, our contribution are as follows:
• To satisfy the requirements of extremely low energy consumption of sensor nodes in ambient RF-powered WSNs, we propose an energy efficient cooperative communication scheme (EECCS), which combines energy beamforming and ambient backscattering.
• We formulate the cooperative communication problem in EECCS as an optimal resource allocation problem of finding the optimal resource assignment policy, which includes the node transmission power assignment and the control of sensing data size of each node.
• Since the proposed optimal resource allocation problem is an signomial geometric programming (SGP), which is nonconvex and NP-hard, we develop a Sequential Convex Approximation (SCA) algorithm to solve this SGP problem. The remainder of this paper is as follows: Section II reviews related works. Section III depicts the system model and presents the EECCS. Section IV formulates the optimal resource allocation problem which is an signomial geometric programming. Section V presents a SCA algorithm to resolve this problem. The performance of EECCS is evaluated in Section VI. Finally, Section VII draws the conclusions.
II. RELATED WORKS
Cooperative communication has been considered as an effective way of exploiting spatial diversity to improve energy efficiency and the quality of wireless links [4] . The basic modes of CC include amplify-and-forward (AF) and decode-andforward (DF). For AF mode [5] , the relays just amplify the signal received from the source, then forward the amplified signal directly to the destination; whereas for DF mode [6] , relays decode the received signal, and re-encode it before forwarding to the destination. Both AF and DF mode are considered in a distributed approach [7] , which solves the relay node selection problem in CC. To date, multiple channel coding schemes, such as turbo coding [8] , space-time block coding (STBC) [9] and fountain coding [10] , have been used in CC. Coded cooperation alleviates the spectral efficiency reduction of conventional CC systems [11] . Note that the CC modes mentioned above require the cooperative nodes to have enough energy or strong computational capability, whereas the nodes powered by ambient energy harvesting do not meet these requirements.
To further reduce the transmission power consumption, cooperative beamforming communication has been proposed [12] , [13] . In the cooperative beamforming communication, a collection of cooperative nodes mimic an antenna array and coordinate their transmissions to perform a high directivity towards a distant receiver. Assuming each cooperative node has the same transmission power and free-space attenuation, for N nodes, the receiving signal has N 2 power gain. Hence, each node can reduce its power to 1/N 2 [14] . In [15] , a great deal of sensor nodes transmit common data to a far apart access point via collaborative beamforming.
In [16] , the authors present a energy-harvesting cognitive radio framework where the multi-antenna primary source beamforms symbols to its relay. Compared with other cooperative communication modes, cooperative beamforming can save more energy for individual cooperative nodes and be well suited for ambient RF-powered wireless sensor networks since the ambient RF power density is ultra low. However, the shortcoming of cooperative beamforming is that information has to be shared among the cooperating nodes prior to their cooperative transmissions to the destination node, which burdens the network with an information broadcasting phase. For ambient RF-powered WSNs, it imposes an extra load on network energy consumption and makes energy scarcity much worse. Therefore, the limitation of existing works motivates us to investigate lower energy consumption cooperative beamforming communication.
In [17] , the authors propose a novel communication technique, called ambient backscatter communication, where two devices communicate by backscattering incident ambient RF (e.g., TV and Wifi) signal. Due to avoid high energyconsuming process of generating radio signals, backscatter communication consumes orders of magnitude less power than a traditional communication. To increase the transmission distance of ambient backscatter, a new receiver design with multiple antennas and a novel coding technique is presented [18] . Moreover, a two-hop backscatter relay protocol is proposed in a backscatter communication network [19] . However, the short transmission range and low reliability are two drawbacks of ambient backscatter communication [20] , which make it difficult to apply this technique to long-distance or multi-hop communications. Therefore, to overcome the energy problem of WSNs powered by ambient RF energy harvesting, a novel model should be proposed to combine the advantages of both cooperative beamforming communication and ambient backscatter communication.
III. SYSTEM DESCRIPTIONS A. SYSTEM MODEL
We study a WSN composed of one sink and a number of ambient RF-powered sensor nodes. In order to save energy, each node sends its sensing data to the sink with a kind of cooperative communication based on ambient backscattering and energy beamforming. As depicted in Fig.1 , N sensor nodes harvest energy from a RF source (e.g., WiFi AP and TV tower) and are grouped into a cooperative cluster. N denotes the set of sensor nodes in the cooperative cluster, N = |N |. The transmitting node in the cluster uses ambient backscatter communication to share its data with other nodes in the cooperative cluster, and then all nodes transmit the data collaboratively via energy beamforming. For the purposes of low delivery delay, low energy consumption and high reliability, we assume the node can communicate directly with the sink through cooperative transmission. Note that there is enough cooperative nodes for cooperative transmission. In addition, all nodes in the cluster are synchronized and able to communicate with each other via ambient backscattering.
B. ENERGY EFFICIENT COOPERATIVE COMMUNICATION SCHEME
Similar to prior work in [21] , we assume that all sensor nodes have two data transmission modes: backscatter mode and beamforming mode. The energy efficient cooperative communication scheme (EECCS) is depicted as follows:
Time is divided into many data gathering periods of equal length T . As shown in Fig.2 , each data gathering period is composed of three phases: information broadcasting phase, energy beamforming phase and energy harvesting phase. The information broadcasting phase is divided into N time slots, and each time slot is assigned to a different sensor node. Each node operates on backscatter mode and performs backscatter transmission to share the sensing data with other nodes in its allocated slot. In the energy beamforming phase, all nodes switch to harvest-then-transmit mode and transmit the data via energy beamforming. In the energy harvesting phase, all sensor nodes harvest ambient RF energy.
Based on the proposed scheme, our study focuses on searching for the optimal resource assignment policy, which includes the node transmission power assignment and the control of sensing data size of each node. In what follows, we propose an optimization algorithm to obtain the optimal policy.
IV. PROBLEM FORMULATION A. ENERGY CONSUMPTION CONSTRAINT
The energy consumption of a node in a data gathering period is composed of three parts, namely,
where E con i denotes the energy consumption of node i, r i represents amount of sensing data for node i in each data gathering period; p i denotes the transmission power of node i, and all nodes transmit data with the same fixed rate R; e is the total energy consumption by a node for sensing, processing and backscattering one unit data; denotes the energy consumption by the ambient backscatter device of a node for receiving one unit data. The first term denotes the energy consumption by a node for data transmission. The second term represents the energy consumed by a node for sensing, processing and backscattering. The last term is the energy spent by the ambient backscatter device of a node for data reception.
According to the proposed scheme, each sensor node harvests and extracts energy from ambient signals in each data gathering period. It is worth noting that the sensor node cannot capture signal/power while the transmitter of node is active and backscattering signals [17] . Therefore, the total amount of harvested energy by node i in each data gathering period is given by
where P s denotes the transmission power of RF source (e.g., WiFi AP and TV tower), η denotes the energy conversion efficiency, 0 < η < 1; h si is the channel power gain between the RF source and node i, h ij = κL −γ ij [22] , where L ij represents the distance between nodes i and j, γ is a constant path loss exponent and κ is a normalization constant depending on the radio propagation properties of the environment; T is the duration of each data gathering period. R is the data transfer rate of the ambient RF signal.
To avert the node's death and ensure the sustainable operation of the network, the following energy consumption constraint must be satisfied
In addition, each sensor node is equipped with battery which stores enough initial energy to avoid the occurrence of temporal death of node [22] .
B. CHANNEL CAPACITY CONSTRAINT
In the energy beamforming phase of each data gathering period, all nodes cooperate to beamform all gathered data to the sink. The received power at the sink is thus computed by
, h id is the channel power gain VOLUME 7, 2019 between the sink and node i. Furthermore, we can utilize the Shannon's formula to obtain the channel capacity C between the cooperative nodes and the sink, which cannot be less than the data transmission rate R, namely,
where ψ is the bandwidth of the channel; σ 2 is the variance of the additive white Gaussian noise (AWGN) at sink.
C. OPTIMIZATION PROBLEM
In order to maximize the total amount of sensing data received by the sink, we aim to search for the optimal resource allocation policy, which includes the node transmission power assignment (p) and the control of sensing data size of each node (r). To sum up, optimal resource allocation problem can be formulated as
with variables p i and r i , i ∈ N . The constraints C1 and C2 are energy consumption constraint and channel capacity constraint, respectively. We rearrange the terms and rewrite problem P1 as P1 : max
with variables p i and r i , i ∈ N . In this problem, the objective function is a posynomial function, constraints C3 − C5 are monomial inequalities, and constraint C1 is posynomial inequality. Because the constraint function of C2 is signomial, this is an signomial geometric programming (SGP), which is nonconvex and NP-hard. Note that a signomial is a function with the same form as a posynomial, where the coefficients of product terms are allowed to be negative [23] .
Since the globally optimal solution of an SGP is computationally prohibitive, only a locally optimal solution of an SGP can be calculated efficiently [23] . Hence, we develop a Sequential Convex Approximation (SCA) algorithm for finding a solution of the proposed SGP problem P1, which transforms the SGP problem into a sequence of geometric programming (GP) problems that are convex.
V. ALGORITHM DESIGN
In this section, we first transform the problem P1 into an equivalent one P2 via exponential transformation. Then, the problem P2 is transformed to an equivalent minimization one P4, which can be iteratively approximated by a convex reformulation and the involved parameters are updated until the iterative procedure converges.
A. EXPONENTIAL TRANSFORM
We introduce variables x = {x 1 . . . x N } and y = {y 1 . . . y N } for exponential transformation, and by the following one-toone exponential variable transformation
Thus, problem P1 is transferred to equivalent problem P2, which can be written as
P2
: max
where constraints C1 − C3 correspond to constraints C1 − C3 of problem P1, respectively. Note that constraints C4 and C5 are removed since r i = exp(x i ) and p i = exp(y i ) must be greater than zero. In order to solve the above maximization problem, we introduce a new variable ω and add constraint C4 :
. Then, problem P2 can be reformulated as
Note that problem P3 can be easily transformed to an equivalent minimization problem, since the objective function is convex.
Theorem 1: If (x * , y * ) is the global optimal solution of problem P2, then (x * , y * , ω * ) is global optimal solution of problem P3, where exp(
The converse is also true.
Proof: First assume (x * , y * ) is the global optimal solution of problem P2, and let exp(ω * ) = N i=1 exp(x * i ). Thus, (x * , y * , ω * ) is a feasible solution of problem P3, with the objective values exp(ω * ). If (x * , y * , ω * ) is not the global optimal solution of problem P3, there certainly exists a feasible solution of problem P3 (x, y, ω) such that
Using
which contradicts with assumption that (x * , y * ) is the global optimal solution of problem P2. Thus, (x * , y * , ω * ) must be the global optimal solution of problem P3. Now we show the converse: If (x * , y * , ω * ) is the global optimal solution of problem P3, and hence
It is obvious that (x * , y * ) is a feasible solution of problem P2. Suppose (x * , y * ) is not global optimal solution of problem P2, then there will certainly exist a feasible solution of problem P2 (x, y) and hence
Let
Then (x, y, ω) is a feasible solution of problem P3. According to (9)-(10), we have
This contradicts the assumption that (x * , y * , ω * ) is the global optimal solution of problem P3. Therefore, (x * , y * ) is the global optimal solution of problem P2. So problem P2 can be solved by solving problem P3, according to Theorem 1.
B. CONVEXIFICATION
Because the objective function of problem P3 is convex, we transform problem P3 into to an equivalent minimization problem P4, which is expressed as
which is nonconvex optimization problem because constraints C2 and C4 are not convex. In order to find the optimal solution of problem P4, in what follows, a convexification method of constraints C2 and C4 is proposed based on their special structure of the mathematical model.
Consider a function of the form
where
Theorem 2: Given a vector ξ ∈ R N , we have
Proof: Using the inequality of the weighted arithmetic and weighted geometric means, we obtain
For convenience, we rearrange terms and rewrite problem P4 as
exp(x i ). Both h(y) and β(x, ω) are nonconvex functions, which should be replaced with convex functions. Hence, let vectors x ∈ R N , y ∈ R N be given and define
exp(x i ).
Note that ϕ 2 (y, y) and ϕ 4 (x, x) are derived from ϕ(ξ , ξ ) in Theorem 2. Replacing the terms φ 2 (y) in h(y) with ϕ 2 (y, y) and φ 4 (x) in β(x, ω) with ϕ 4 (x, x), respectively, we obtain
Note that both h (y, y) and β (x, ω, x) are convex functions. Thus, combining problem P4 with h (y, y) and β (x, ω, x), we can get a convex problem Q, i.e., Q(x, y) : min ω,x,y
which is a geometric programming problem and can be solved by some convex optimization tools.
C. SEQUENTIAL CONVEX APPROXIMATION ALGORITHM
Here we present a sequential convex approximation (SCA) algorithm to achieve the optimal resource assignment policy. The proposed algorithm is given as Algorithm 1. In Algorithm 1, an iterative procedure is introduced. In each iteration, the problem P4 is approximated as a convex problem Q by proper reformulation. Then, solve the convex problem and obtain the intermediate optimal policy. After that, we update the involved parameters according to the intermediate optimal policy for reformulating the convex optimization problem Q at the next iteration. This procedure is repeated until convergence is obtained. When the algorithm terminates, we say Algorithm 1 Sequential Convex Approximation Algorithm 1. Initialization: Choose a fixed tolerance ε > 0 which is a very small number, and set x 0 , y 0 , as the initial values of variables x, y, respectively; l = 1; 2. Update parameters x = x l−1 , y = y l−1 ; 3. Use x, y to compute a 2 i (y), a 4 i (x), i = 1, . . . , N , and obtain functions ϕ 2 (y, y l−1 ), ϕ 4 (x, x l−1 ) according to (15) and (16); 4. Formulate convex problem Q l with functions ϕ 2 (y, y l−1 ) and ϕ 4 (x, x l−1 ); 5. Obtain the optimal solution (x l , y l , ω l ) of problem Q l by using convex optimization tool; 6. If x l − x l−1 ≤ ε and y l − y l−1 ≤ ε, then return (x * , y * , ω * ), where x * = x l , y * = y l , and ω * = ω l ; Terminate the algorithm. 7. Otherwise, l ← l + 1, go to Step 2.
problem P4 approximates problem Q with tolerance ε. Using the one-to-one variable transformation (5), the optimal policy (r * i , p * i , i ∈ N ) can be obtained from the returns (x * , y * ) of Algorithm 1.
D. CONVERGENCE ANALYSIS
Theorem 3: Let (x l , y l , ω l ) be the return of Algorithm 1 at the lth iteration, and let H l be the optimal objective value of the problem Q l . If (x l , y l , ω l ) is not the solution of Algorithm 1, i.e, the termination condition of the Algorithm 1 is not reached at the lth iteration, then we have H l+1 < H l .
Proof: After some manipulations, we can get
which means that h (y l , y l ) = h(y l ). In addition, according to Theorem 2:, we can obtain φ 2 (y l ) ≥ ϕ 2 (y l , y l−1 ), which means h(y l ) ≤ h (y l , y l−1 ). Hence, h (y l , y l ) ≤ h (y l , y l−1 ). Since (x l , y l , ω l ) is the optimal solution of problem Q l , the constraints of problem Q l must be satisfied. Thus, h (y l , y l−1 ) ≤ 0. By the argument above, we obtain h (y l , y l ) ≤ 0. Similarly, we can get β (x l , ω l , x l ) ≤ 0. Besides, we have g i (x l , y l ) ≤ 0 and α i (y l ) ≤ 0 because (x l , y l , ω l ) is the optimal solution of problem Q l . Since (x l , y l , ω l ) satisfies all constraints of the problem Q l+1 , (x l , y l , ω l ) is a feasible solution to the problem Q l+1 . Therefore, H l+1 < H l because (x l , y l , ω l ), which is the optimal solution to the problem Q l , is a feasible solution to problem Q l+1 .
As described by Theorem 3, the optimal objective value H of the problem Q is decreasing as the iteration number l increases, hence ensuring monotonicity. Moreover, H is lower bounded by zero because the exponential function must be greater than zero. Therefore, the convergence of Algorithm 1 is guaranteed.
Theorem 4: If Algorithm 1 terminates at the Lth iteration and the return of Algorithm 1 is (x L , y L , ω L ), then the following hold
Proof: Since φ 2 (y), φ 4 (x) and ϕ 2 (y, y), ϕ 4 (x, x) are derived from φ(ξ ) and ϕ(ξ , ξ ) in Theorem 2, we let φ(ξ ) denote φ 2 (y) or φ 4 (x), whereas ϕ(ξ , ξ ) represents ϕ 2 (y, y) or ϕ 4 (x, x) for convenience.
(i) Consider the inequality of weighted arithmetic and weighted geometric means in (14) , the inequality holds with equality if and only if the following condition is satisfied exp(µ 1 ξ 1 )
In the light of the terminate condition of Algorithm 1, ξ L and ξ L−1 is almost equal, then we obtain
According to Algorithm 1, we have ξ L−1 = ξ at the last iteration. Thus, the condition (17) is satisfied according to (18) 
, since the inequality in (14) holds with equality. Therefore,
Because a t (ξ ) = b t φ(ξ ) exp(u t ξ t ), we can rewrite (20) as
Since N t=1 a t (ξ ) = 1, we obtain
Hence ∇φ(ξ L ) = ∇ϕ(ξ L , ξ L−1 ). Then, we can get
Theorem 5: When Algorithm 1 terminates, the return of Algorithm 1( i.e., (x L , y L , ω L )) is the KKT (Karush-KuthTucker) point of problem P4.
Proof: When Algorithm 1 terminates, the return of Algo-
where constants λ i ≥ 0, i = 1, . . . , 2N + 2 are KKT multipliers. According to Theorem 4, we have
Similarly, we obtain
and
To sum up, combined with above KKT conditions, the following conditions should be satisfied
Therefore, according to Theorem 3 and Theorem 5, we make a conclusion that the sequent solutions of problem Q converge to a KKT point of the original SGP problem, which means the optimal resource allocation policy can be achieved via one-to-one variable transformation (5). 
VI. SIMULATION RESULTS
In the section, we simulate an ambient RF powered sensor network using OPNET. The simulation results are provided to show the performance of the energy efficient cooperative communication scheme and verify the feasibility and effectiveness of SCA algorithm. The network scenario is shown in Fig.3 . All sensor nodes are uniformly deployed in a circular area with radius 1 m, whose center is located at (5m, 5m). The coordinates of RF source and sink are (0m, 0m) and (15m, 15m), respectively. Unless otherwise stated, the related simulation parameters are as follows: N = 16, σ 2 = 5 × 10 −7 W , R = 1 Kbps, R = 1 Kbps, e = 20nJ , = 5 nJ , P max = 0.5W , η = 0.7, T = 3600 s, ψ = 1000 Hz, P s = 0.01 mW .
We compare EECCS with two other data communication schemes, which include the non-backscattering cooperative communication scheme and the non-cooperative communication scheme. Note that these schemes divide time into many data gathering periods. Each node harvests ambient RF energy and transmits its sensing data in each data gathering period. Similar to EECCS, in the non-backscattering cooperative communication scheme, all sensor nodes are grouped into a cooperative cluster and transmit the data collaboratively via energy beamforming. However, the transmitting node uses traditional communication (the transmission power is 0.1µW ), instead of ambient backscatter communication, to share its data with other cooperative nodes. As for noncooperative communication scheme, unlike EECCS, each individual node transmits data to the sink by itself, instead of cooperative communication. The data transmission power of node i is computed by
. Firstly, we evaluate the impact of number of nodes on total amount of data by applying different schemes. Fig.4 reflects the evolution of amount of data received by sink with number of nodes. It can be seen that the amount of received data in all schemes increases with the increase of the number of nodes. This is because more nodes leads to more sensing data. Furthermore, we can see EECCS makes the sink receive more data than other two schemes. This is justified that both ambient backscatter technology and cooperative beamforming technology can effectively reduce the transmission power consumption of each individual node. Compared to other two schemes, EECCS adopts both of these two technologies.
Next, we investigate the impact of data transmission rate R on amount of received data. Fig.5 depicts the amount of received data versus data transmission rate R. We can observe from Fig.5 that the performance of EECCS is better than other two schemes when the data transfer rate of the ambient RF signal R = 1Kbps and R = 100bps. Note that the higher data transfer rate of the ambient RF signal R leads to more sensing data. This is justified that the total amount of harvested energy by a node increases with the increase of R according to (2) . Thus, the amount of sensing data of a node increases. Another observation is that the total amount of data received by sink in all schemes decreases with the increase of the data transmission rate R. This is because, according to Shannon's formula, the higher data transmission rate requests higher signal-to-noise ratio, which leads to the higher demands for the transmission power of the node. As a result, the amount of sensing data for a node has to decrease because the energy consumption for data transmission increases. Fig.6 shows that the relationship between the amount of data received by sink and the transmission power of RF source. In can be seen that the amount of received data increases with the increase of the transmission power of RF source. This is because that the node can achieve more energy due to the increase of the transmission power of RF source. Furthermore, the EECCS performs better than other two schemes.
Then we evaluate the impact of distance between sink and center of the deployment area of nodes on amount of data received by sink. Fig.7 indicates the amount of data received by sink versus the distance between sink and center of the deployment area. As shown in Fig.7 , the sink can receive more data by applying EECCS than by applying other two schemes. It testifies EECCS can significantly improve the energy utilization efficiency. On the other hand, it can be seen in Fig.7 that when the distance increases, the amount of received data decreases, correspondingly. This is due to the increase of transmission distance increases the energy consumption by a node for data transmission, which leads to the decrease of amount of data transmitted by the node. Note that the amount of received data decreases faster in the non-cooperative communication scheme than in other two cooperative communication schemes. It demonstrates the effectiveness of cooperative communication.
Finally, we use extensive simulation experiments to investigate the convergence of SCA algorithm. Fig.8 depicts the average number of iterations till convergence versus the number of nodes. It demonstrates the SCA algorithm converges very fast.
VII. CONCLUSION
In this paper, we have proposed an energy efficient cooperative communication scheme to overcome the energy problem of ambient RF-powered WSNs. In EECCS, both energy beamforming technology and ambient backscatter technology are adopted to satisfy the requirements of extremely low energy consumption of sensor nodes in ambient RF-powered WSNs. Moreover, in order to obtain the optimal resource allocation policy for EECCS, we have presented a SCA algorithm which is iteratively approximated by a convex reformulation. Simulation results show that the EECCS not only significantly decreases the energy consumption of sensor nodes, but also increases the data transmission distance and improves the energy efficiency, which makes it suitable for the ambient RF powered sensor networks and the scenarios where multihop communication is infeasible (e.g., ambient RF powered sensors are deployed on the ceiling and sink are deployed on the floor). 
